Abstract: A measure of channel importance is proposed for EEG-based detection of neonatal seizures. The channel weights are computed based on the integrated synchrony of classifier probabilistic outputs for the channels which share a common electrode. Those estimated weights are introduced within Bayesian probabilistic framework to provide a channel-specific and thus patient-adaptive seizure detection scheme. Results of validation on a clinical dataset of neonatal seizures confirm the utility of the proposed channel weighting for the SVM-based detection system recently developed in this research group. Exploiting the channel weighting, the ROC area can be drastically increased for the most difficult patients, with the average ROC area across 17 patients increased by 22% relative.
INTRODUCTION
The task of automated detection of seizures in newborn electroencephalogram (EEG) has undergone major advances in recent years. Although a number of methods and algorithms have been proposed previously in an attempt to automatically detect neonatal seizures (Celka et al., 2002; Deburchgraeve et al., 2008; Mitra et al., 2009) , to date their transition to clinical use has been limited due to poor performance. Clearly, the performance of the seizure detection systems depends on the information included in the corresponding channels. By using as many channels as possible one minimizes the probability that useful information is missed. On the other hand, it becomes more difficult to automatically find what information is useful in the available channels. Channel selection has been widely used in Brain Computer Interfaces (BCI) (Fan et al., 2006; Garipelli et al., 2009; Lal et al., 2004; Lan et al., 2005) mainly for the purpose of computational load reduction. Constant (in time) importance of information captured by a channel can be assumed for these tasks, especially when patient-specific classification systems are targeted (Fan et al., 2006; Garipelli et al., 2009; Lal et al., 2004) . In Lal et al. (2004) , a recursive channel elimination procedure was applied by analogy with recursive feature elimination (RFE) (Guyon et al., 2002) that is typically used for feature selection for Support Vector Machines (SVM). Indeed, when the extracted features from all channels are concatenated to form a long feature vector prior to feeding the classifier, the channel selection problem can be tackled with the existing feature selection routines such as RFE (Schröder et al., 2005; Lal et al., 2004) , mutual information criterion (Lan et al., 2005) or using other empirically derived criteria (Garipelli et al., 2009) . In this form, however, the classifier inherits task-relevant dependencies between an event and its common location, which, in addition, are patient-specific.
For other tasks, such as neonatal seizure detection, patientindependent event-location dependencies are rare. Although neonatal seizures may generalize, many remain focal or multifocal (Sheth, 2009) , that is, (highly) localized in different parts of the brain depending on the patient (Fig. 1, top) . Additionally, neonatal seizures can migrate from one brain zone to another in a non-ordered fashion (Fig. 1, bottom) . Both observations increase the chances that a seizure is missed in a pre-selected subset of channels. As such, a channel selection procedure is required to be dynamic, i.e. changing in time. Channel weighting can be seen as a generalization of channel selection where the weights can take other than binary forms.
The neonatal seizure detection systems developed so far exploit the same channels which are used by clinicians in the process of data annotation. This work aims at using all available channels and dynamically weighting them to emphasize the relevant information. This work first formulates the neonatal seizure detection problem in the probabilistic terms of a Bayesian framework (Bishop, 2007) to help indicate where such weighting terms should be used.
A methodology for the estimation of the time-varying channel weights based on the synchronized energy of the classifier probabilistic outputs is proposed. The experiments are conducted on the large clinical database which consists of 17 newborn babies totaling 267 hours in duration. The patientindependent leave-one-out (LOO) performance assessment is performed for various sets of channels with and without channel weighting for the SVM-based neonatal seizure detection system (Temko et al., 2010b, c) . Specifically, the probabilistic output of this detector for each channel is multiplied by the estimated time-varying weights. By emphasizing the patient-specific time-varying seizure locations, the detector manages to self-adapt to every testing patient.
NEONATAL SEIZURE DETECTOR

Dataset
The dataset is composed of EEG recordings from 17 newborns (267.9h, 705 seizures) obtained from Cork University Maternity Hospital, Ireland. Signals from 9 electrodes (T4, T3, O1, O2, F4, F3, C4, C3, and Cz) were recorded using the 10-20 system of electrode placement and the 8 EEG channels in the bipolar montage (F4-C4, C4-O2, F3-C3, C3-O1, T4-C4, C4-Cz, Cz-C3, and C3-T3) were used to annotate the data. The dataset contains a wide variety of seizure types including both electrographic-only and electroclinical seizures of focal, multi-focal and generalized types. The continuous EEG recordings were not edited to remove the large variety of artifacts and poorly conditioned signals that are commonly encountered in the real-world Neonatal Intensive Care Unit (NICU) environment.
System Architecture
The diagram of the system is shown in Fig. 2 . The EEG from the 8 above-mentioned channels was down-sampled from 256Hz to 32Hz with an anti-aliasing filter set at 12.8Hz. The EEG was then split into 8s epochs with 50% overlap between epochs. Fifty-five features were extracted from each channel which represent both time and frequency domain characteristics as well as information theory based parameters. Details on the features can be found in Temko et al. (2010b, c) .
The features were fed to a SVM classifier and the outputs of the SVM were converted to probability-like values and smoothed with a moving average filter. The averaged value was then compared to a threshold from the interval [0 1]. After comparison, binary decisions were taken per channel: 1 for seizure and 0 for non-seizure. The binary decisions were then fused using logical 'OR'. It has been shown in Temko et al. (2010c) that the developed system significantly outperformed the existing alternatives. The same set of SVM models as in Temko et al. (2010b, c) was used in this work. Bottom graph shows an example of seizure migration from C4 to C3. However, in the present study, the designed system was tested on all 36 channels that are obtained from a bipolar montage of 9 electrodes. The histogram-based energy normalization technique proposed by the authors in Temko et al. (2010a) was therefore applied to all EEG signals to normalize their energy levels.
Performance Assessment and Metrics
The LOO cross-validation method was used to assess the performance of the system for patient-independent seizure detection (Temko et al. 2010b, c) . This way, all but one patients' data were used for training/development and the remaining patient's data were used for testing. This procedure was repeated until each patient had been a test subject and the mean result was reported. The metrics used in the work are Receiver Operating Characteristic curves (ROC). ROC plots sensitivity and specificity values which are defined as the accuracy of each class (seizure and non-seizure) separately.
BAYESIAN INFERENCE FOR SEIZURE DETECTON PROBLEM
The obtained model can be applied to any EEG channel, thus the developed system ( Fig. 2) is channel-independent. In this section, a general neonatal seizure detection problem is first formulated in probabilistic terms using a Bayesian framework with no channel-specific information incorporated. Subsequently, channel context is introduced with channelrelated weights placed within the Bayesian framework.
Using Bayes' theorem, the posterior probability of having a seizure decision S given a feature vector x can be written as:
where P(S) denotes a prior probability of having a seizure, p(x|S) is a conditional probability (likelihood) that a feature vector x represents characteristics of a seizure class (S), and P(X) represents a prior probability of all possible hypothesis and serves as a normalization constant. Equation (1) is already modeled by the existing detection system. If the channel information is taken into account, a probability of a seizure for the channel c, given new data x can be written as:
where P(S,c) is the joint prior probability of having a seizure S and it manifesting itself on channel c. P(S,c) can be decomposed into having a channel-independent prior probability of a seizure P(S), that is, the probability that the seizure occurs across any of the observed channels, and P(c|S), that is, the probability that the seizure manifests on channel c given that the seizure occurs. Similarly, since the systems described in Section 2 use the designed models which are channel-independent, the likelihood generated by the model is also channel independent. That is,
where p(x|S) is channel-independent likelihood from (1) and P(c|x) is a data-dependent prior or weighting of channel c. Equation (2) can thus be expanded as:
which can be regrouped to yield,
The only differences between the original Bayesian formulation (1) and the formulation with regards to a given channel c given in (5) are the two new terms introduced: the prior probability, P(c|S), that a given seizure will manifest itself on channel c and the data-dependent weight, P(c|x), of importance of channel c. Both these new terms are channelspecific. Additionally, the first prior probability term does not depend on the observation x, that is, it does not change with time. Both terms can be combined to form a final weight for each channel. The proposed method to estimate a channelrelated weight is explained in the next section.
A DATA-DRIVEN MEASURE OF CHANNEL IMPORTANCE
As outlined in Section 2, the data in our study are recorded with n=9 electrodes and annotated using 8 channels in the bipolar montage. Effectively, the bipolar montage is chosen by clinicians at the stage of data annotation. In our case, there are n*(n-1)/2 = 36 possible channels in the bipolar montage.
To make the proposed scheme montage independent and to cope with the large number of possible bipolar channels in our study, the importance of a given electrode e is first modeled. Then, the combined bipolar channel weight is obtained as described in Section 4.3. The data-driven estimate (at time t) of the 'importance' of the i th electrode P(e i |x) can be estimated using the probabilistic output of the classifier on a feature vector x after the moving average filter (Fig. 2 ). For every electrode e i , several channels which share this electrode in the bipolar montage are selected as shown in Table 1 . It can be seen, that to model the importance of a particular electrode, the channels which cover the brain zone around the electrode of interest are selected.
Modelling P(e|x)
Let y i (r) be a vector of probabilistic outputs at time r of selected channels which are considered to model the importance of the i th electrode. The P t (e i |x) for electrode i at time t is then expressed as: 
where |y i (r)| denotes the cardinality (here the number of channels associated with the i th electrode, Table 1 ) of vector y i (r) and Q is a |y i (r)|× |y i (r)| square matrix of the form
Essentially, the average of the product-moments between selected channels, which share the same electrode, is calculated here to obtain a measure of agreement between probabilistic activities in a certain electrode at a point in time, r. The cumulative sum in the numerator of (6) represents the integrated synchrony or common energy up to the current point in time, t. To assure a partition of unity of P(e|x) over all possible x, the cumulative sum for a particular electrode, e i , is normalized by the common energy over all the electrodes.
An example of the proposed measure is shown in Fig. 3 for patient 1. For this patient, most seizures are localized in the O2 electrode, which is reflected in the increased integrated synchrony for this electrode. The normalized measure of importance, shown in the middle, indicates that channels which contain electrode O2 will be approximately 4 times more emphasized than the other channels. It can be observed that the largest increases in the integrated synchrony and the modeled P(e|x) happen when seizures occur.
The integrated synchrony will be high when there is a synchronous rise in probability of seizure in all considered channels that share the chosen electrode. In turn, a synchronized high probability activity is indicative of a seizure. Effectively, this measure emphasizes the electrode/location in the brain which had a history of suspected seizures. Alternatively speaking the measure incorporates the fact that any new seizures are more likely to happen at the location where seizures have been observed before. For example, it can also be seen in Fig. 3 that the emphasis of the electrode O2 increases sharply during ictal activity and decreases slowly during interictal periods of time (epochs 3500-6000, 10000-16000). The slow decrease during interictial activity indicates that the measure of importance has a built-in forgetting factor. Indeed, if nothing is happening for a long time, the importance of all electrodes will converge to the equilibrium state -the same value for all electrodes.
Modelling P(e|S)
In contrast to the data-driven P(e|x), the P(e|S) is a probability that, given a seizure is occurring, it is visible in electrode e. It aims at emphasizing a priori electrodes in which seizures are mostly expected. Unlike the channelindependent prior P(S) which can be modeled based on the training data annotation, the electrode-dependent prior P(e|S) cannot be estimated from the training data as per channel annotations are in this case not available. Thus, P(e|S) is estimated here from the statistics found in the clinical literature. In Shellhaas et al. (2007a) , it has been shown that as many as 78% of seizures were visible the C3, C4 zone. In Shellhaas et al. (2007b) , it has been reported that the theoretical visibility of a seizure in the central zone is as high as 94%. In another study (Wusthoff et al., 2009) , it has been Channels used  T4  T4-O2, F4-T4, T4-C4  T3  T3-O1, F3-T3, C3-T3  O1  T3-O1, C3-O1, Cz-O1, O2-O1  O2  T4-O2, C4-O2, Cz-O2, O2-O1  F4  F4-T4, F4-C4, F4-Cz, F4-F3  F3  F3-T3, F3-C3, F3-Cz, F4-F3  C4  T4-C4, F4-C4, C4-O2, C4-Cz, C4-C3  C3 C3-T3, F3-C3, C3-O1, Cz-C3, C4-C3 Cz F4-Cz, F3-Cz, C4-Cz, Cz-C3,Cz-O1, Cz-O2
shown that 46% of seizures are visible in the Fp1, Fp2 zones which is close to F3, F4 in our montage. No data were found regarding the visibility of seizures in the temporal or occipital zones, and there are no premises to believe that a seizure is more visible in the occipital and temporal zones than in the frontal zone. Based on the data collected from the literature, the P(e|S) is represented here as 0. 46, 0.46, 0.46, 0.46, 0.46, 0.46, 0.78, 0 .78, and 0.94 for electrodes T4, T3, O1, O2, F4, F3, C4, C3, and Cz, respectively.
Combined Channel Weight
As has been mentioned above, the channel selection can be seen as a particular case of channel weighting, where the weights are binary in nature. Thus, it would be beneficial to have a means of controlling the severity of the channel weighting. This is achieved by applying the softmax function:
where t is the current time, N is the number of electrodes, k is a multiplication constant which controls the severity of weighting. If k is large, a single non-zero weight is obtained for the most important electrode and the scheme converges to channel selection, where only those channels which contain this electrode are selected. Hence, k is the only parameter that has to be chosen beforehand. In our experiments, k is estimated on the training data for every fold in the leave-oneout performance assessment. The two terms P(e|S) and P(е|x) have been modeled so far for every electrode. Looking at the two electrodes associated with the channel c, a final measure per channel in the bipolar montage is calculated as the maximum of measures for the two constituent electrodes.
After the weight is calculated in (9), it is used to estimate the final probability in (5). Specifically, the classifier probabilistic output in each channel (after the moving average filter, see Fig. 2 ) is multiplied by its estimated time-dependent channel weight.
RESULTS AND DISCUSSION
The results are obtained on the same database, with the same set of models (no retraining is involved) and using the same leave-one-out patient independent performance assessment routine as described in Temko et al. (2010b, c) .
To show the effect of the channel weighting for various channel subsets, a backward channel elimination and forward channel selection are performed in the similar manner to that usually used for feature selection. This procedure effectively provides nested subsets of channels. In the proposed seizure detection framework where fusion of channels in the postprocessing is done by logical 'OR', channels can be considered independent. In fact, both backward channel elimination and forward channel selection in our case result in the same output. The performance with and without channel weighting is shown in Fig. 4 . The figure can be read from left to right as backward channel elimination or from right to left as forward channel selection. The resultant sequence of channels was obtained over the development data and then tested on the testing data. Initially, all 36 channels were included and one channel was eliminated at a time. The channel was chosen to be eliminated if the difference of performance of a current set of channels with and without it led to the highest ROC improvement or the smallest ROC decrease on the development data. This eventually terminates with the 8 channels which were originally used for data annotation. Having these 8 original channels (which were not considered for elimination in the channel selection routine) as a final point, it was assured that all annotated seizures were potentially detectable.
It can be seen that the system with channel weighting consistently outperforms the same system without channel weighting for different subsets of selected channels. The average improvement in term of the average ROC area is 22% relative (0.75% absolute).
The large cross on the curve in Fig. 4 which shows the performance of detectors with weighting indicates the channel subset which leads to the highest performance on the development data. It can be seen that the ROC area 97.34% is obtained on the testing data at this point with the original 8 channels augmented by three inter-hemispheric derivations (O2-O1, F4-F3, and C4-C3).
It is also interesting to see the contribution of each of the two terms P(e|x) and P(e|S) in the proposed weighting scheme. This is investigated for the operating point (large cross) in Fig. 4 . The performance without channel weighting is 96.61%. With channel weighting and assuming an equal Fig. 4 . Performance of the SVM-based seizure detection system with and without channel weighting P(e|S) for all electrodes, then the data-driven P(e|x) only influences the final measure and the ROC increases to 97.12%. Moreover, when P(e|S) is defined as in Section 4.2, incorporating clinical information, the performance is further improved to 97.34%. This fact shows that both terms, P(e|S) and P(e|x), are important in the final weight calculation.
Fig . 5 shows the resultant average ROC curve with and without weighting. It is also worth noting that the standard deviation for the ROC areas across patients has been decreased from 2.2% to 1.4%. This also indicates that the proposed channel weighting targets the most difficult patients, whose performance being far below the average is now increased, resulting in a decrease in the standard deviation.
It has been observed that for most patients in the dataset, the performance remains the same, while the average 0.75% absolute increase in the ROC area is attributable to large performance increases in certain (most difficult) patients. Quantitatively, the ROC areas have been increased from 93.6% to 95.2%, from 93.3% to 96.7%, from 93.5% to 95.1%, and from 92.5% to 98.8% for patients 1, 2, 5, and 8, respectively. In the real clinical situation, it is very important and most difficult to detect seizures when they are rare events and patients 1, 2, and 8 possess this characteristic.
The proposed measure of channel importance is completely data-driven and computed online in an unsupervised manner which allows for its usage for other neurological applications which involve EEG monitoring. 
